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Abstract
To meet the future demand for huge traffic volume of wireless data service, the research on the fifth generation
(5G) mobile communication systems has been undertaken in recent years. It is expected that the spectral and energy
efficiencies in 5G mobile communication systems should be ten-fold higher than the ones in the fourth generation
(4G) mobile communication systems. Therefore, it is important to further exploit the potential of spatial multiplexing
of multiple antennas. In the last twenty years, multiple-input multiple-output (MIMO) antenna techniques have been
considered as the key techniques to increase the capacity of wireless communication systems. When a large-scale
antenna array (which is also called massive MIMO) is equipped in a base-station, or a large number of distributed
antennas (which is also called large-scale distributed MIMO) are deployed, the spectral and energy efficiencies can
be further improved by using spatial domain multiple access. This paper provides an overview of massive MIMO
and large-scale distributed MIMO systems, including spectral efficiency analysis, channel state information (CSI)
acquisition, wireless transmission technology, and resource allocation.
Index Terms
The fifth generation mobile communication, massive MIMO, large-scale distributed antenna systems, spectral
efficiency, channel state information acquisition, multi-user MIMO, resource allocation.
I. INTRODUCTION
In recent years, mobile data traffic has been increasing almost exponentially. According to the most recent
prediction from Ericsson, global mobile data traffic will increase nearly elevenfold from 2015 to 2020 [1]. At
the same time, as the energy consumption of information and communications technology becomes large, it is
very urgent to reduce the energy consumption of mobile communication systems. This definitely leads to a great
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2challenge for current fourth generation (4G) mobile communications, and also provide a big chance for the fifth
generation (5G) mobile communication systems.
In order to meet the future demand of the mobile data service, one of the fundamental objectives of 5G mobile
communication systems is to further improve the spectral and energy efficiencies by one order of magnitude higher
than the ones in 4G mobile communication systems. This requires new revolution of network architecture and
wireless transmission technologies, to fundamentally address the problem of the spectral and energy efficiencies of
mobile communication systems, as well as achieve the goals of higher data rate and green wireless communica-
tions [2] [3].
Multiple-input multiple-output (MIMO) antennas, as a breakthrough communication technique in the past 20
years, is a fundamental approach to exploit spatial domain resource. MIMO offers diversity gain, multiplexing gain
and power gain [4], to improve the reliability, support the spatial multiplexing of both single and multiple users,
and increase the energy efficiency through beamforming techniques, respectively. So far, MIMO technology has
been adopted by third generation partnership project (3GPP) long-term evolution (LTE), IEEE 802.11ac and other
wireless communication standards. However, for 4G mobile communication systems, as only a small number of
antennas is equipped in base stations (BSs) [5], the spatial resolution is limited and then the performance gain is not
fully exploited. Furthermore, under the current system configuration, the implementation of the capacity-approaching
transmission scheme is extremely difficult.
Distributed antenna system (DAS) is another approach to exploit spatial dimension resources [6]–[9]. In DAS,
geographically dispersed Remote Radio Units (RRUs) are equipped with multiple antennas, and are connected to a
baseband unit (BBU) through high-speed backhaul links. Similar to MIMO, with the cooperation between RRUs,
DAS can serve single or multiple mobile terminals in the same time-frequency resource. Then, it is also called as
distributed MIMO system or cooperative MIMO system. Distributed MIMO technology could not only obtain three
types of gains of MIMO, but also get the macro-diversity and the power gain due to smaller path loss [10]–[12].
To further improve the spectral and energy efficiencies of 4G system, both industry and academia have reached
a consensus to increase the number of cooperative RRUs at hot spots [13], [14], or replace the current multiple
antennas with a large-scale antenna array in each BS [5]. Both the technologies can be viewed as a large-scale
collaborative wireless communication shown in Figure 1.
As shown in Figure 1, a large number of antennas could be dispersed within a cell (called large-scale distributed
MIMO), or centrally deployed at a BS (referred to as massive MIMO). Theoretical research and preliminary
performance assessments [5], [14] demonstrated that as the number of BS antennas (or the number of distributed
RRUs) becomes infinity, inter-user channels will become orthogonal. In this case, Gaussian noise and inter-cell
interference from other cells will be averaged out to zero and the transmit power of any user can be arbitrarily low.
The system capacity is only limited by the reuse of the pilot resource.
In both massive MIMO and large-scale distributed MIMO systems, there exists a consensus on exploitation of
wireless spatial dimension resources. That is, they have similar problems in the performance analysis and system
design. Thus, in this paper, if not specifically stated, both massive MIMO and large-scale distributed MIMO systems
36XEXUEDQ0DFUR&HOOXODU
0DVVLYH%HDP&RRSHUDWLRQ
0DFUR&HOOXODU/DUJH6FDOH
'LVWULEXWHG&RRSHUDWLRQ
,QGRRU'LVWULEXWHG
&RRSHUDWLRQ
5HVRXUFH$OORFDWLRQ
Fig. 1. Large-scale cooperative wireless communications.
are referred to as large-scale antenna systems (LSAS). Different from traditional MIMO system, LSAS introduces
the challenges on both theoretical analysis and system design, which include spectral efficiency analysis under the
constrain of pilot resource, channel state information (CSI) acquisition, wireless transmission technology, resource
allocation, etc..
In the following, we will present the state of the art in LSAS. Firstly, we introduce its spectral efficiency analysis
with imperfect CSI. Secondly, its bottleneck technology, CSI acquisition techniques including pilot design, channel
estimation and reciprocity acquisition methods, is highlighted. Then, its transmission technology, consisting of
multi-user precoding and joint multi-user detection, are reviewed. Finally, some resource allocation methods are
introduced.
The symbols used in this paper are defined as follows. All boldface italic letters stand for vectors (lower case)
or matrices (upper case). I denotes any suitable unit matrix. [A]ij represents the ith row and jth column element
of the matrix A. The superscripts (·)∗, (·)T and (·)H respectively denote the matrix transpose, conjugate and
conjugate transpose. The operator ⊗ denotes the Kronecker product. vec(A) denotes vectorization of a matrix.
Tr (A) and det (A) stand for determinant and trace, respectively. The operator diag (x) denotes the diagonal
matrix with x along its main diagonal. A block diagonal matrix denoted as diag
[
A1 · · · An
]
has blocks
A1, · · · ,An along its main diagnal. The operator E (·) denotes expectation and the covariance operator is given
by cov (x,y) ∆= E
(
xyH
)
− E (x)E
(
yH
)
. CN
(
µ, σ2
)
stands for complex Gaussian distribution with mean µ and
variance σ2.
4II. SPECTRAL EFFICIENCY ANALYSIS OF LSAS
Capacity analysis is a basis for system design. In the past 20 years, many researchers have studied the capacity
of MIMO. Random matrix theory plays an important role in the theoretical analysis of MIMO capacity. The
fundamental mathematical tools include the statistical properties of Wishart matrix and its eigenvalues [15], the
asymptotic statistical properties of large dimensional random matrices [15], free probability theory [16] and
the deterministic equivalent method [17]. With these mathematical tools, extensive research has been done on
the capacity of different MIMO channels, including multi-user MIMO (MU-MIMO) and distributed MU-MIMO
channels.
However, most of the studies on MIMO capacity are focused on perfect CSI at receiver side. Since a bottleneck
of multi-user large-scale MIMO systems is CSI acquisition, it is necessary to study information theory under the
constrained pilot resource. The spectral and energy efficiencies in both uplink and downlink massive MIMO systems
were analyzed in [18], where the impact of imperfect CSI on the performance was demonstrated. In [19], the spectral
efficiency of massive MIMO systems with different transceivers has been studied with the consideration of pilot
contamination. The theoretical results revealed the relationship between the number of BS antennas per user and
the transceiver techniques.
In the following, we consider multi-cell multi-user DAS as an example, of which massive MIMO is its special
case. We assume that the pilot resource is limited and pilot sequences are reused by the users in the systems. We
present a closed-form expression of asymptotic capacity. Furthermore, we also give some research directions.
A. Theoretical analysis of spectral efficiency
Consider multi-cell multi-user DAS with L hexagonal cells, as shown in Figure 2. Each cell consists of N RRUs
and K single-antenna users. Each RRU is equipped with M antennas. All the RRUs in each cell are connected to
a BBU through optical fibers. In this paper, Cell 1 is the reference cell. The uplink channel vector between the kth
user of cell l to all of the RRUs of the cell 1 is denoted as
gl,k
∆
= R
1
2
l,kΛ
1
2
l,khl,k, (1)
where
Λ
′
l,k
∆
= diag
[
λl,1,k · · · λl,N,k,
]
, (2)
Λl,k
∆
= Λ′l,k ⊗ IM , (3)
Rl,k
∆
= diag
[
Rl,1,k · · · Rl,N,k
]
, (4)
hl,k=
[
hTl,1,k · · · h
T
l,N,k
]T
. (5)
λl,n,k represents the large-scale and shadow fading between the kth user of cell l and the nth RRU of cell 1 and
Λ
′
l,k is a diagonal matrix representing the large-scale and shadow fading matrix between the kth user of cell l
and all the RRUs of cell 1. We assume the links between the user and all the antennas of a RRU have the same
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Fig. 2. Multi-cell multi-user large-scale distributed antenna system.
large-scale and shadow fading and Λl,k represents the large-scale and shadow fading matrix between the kth user
of cell l and all the antennas of N RRUs of cell 1. Rl,n,k is an M ×M receive correlation matrix of the kth
user of cell l to the nth RRU of cell 1 and Rl,k is an MN ×MN block diagonal receive correlation matrix of
the kth user of cell l to all the RRUs of cell 1. hl,n,k represents the small-scale fading between the kth user of
cell l and the nth RRU of cell 1, and it is a vector of size M which contains independent identically distributed
(i.i.d.) zero mean circularly symmetric complex Gaussian (ZMCSCG) random variables with unit variance. hl,k,
an MN × 1 vector, represents the small-scale fading between the kth user of cell l and all the antennas of N
RRUs of cell 1. The channel matrix between K users of cell l and all antennas of N RRUs of cell 1 is defined as
Gl =
[
gl,1 · · · gl,K
]
.
We assume the BBU obtains uplink CSI by uplink pilot sequences from the users. K×K identity matrix is used
as the pilot sequences set for K users of any cell. That is, for inner-cell users, the pilot sequences are orthogonal.
For example, a user sends pilot symbol 1 on a time-frequency resource when other users in the same cell send
pilot symbol 0. Since the pilot sequences are reused by the other cell users, there is a severe pilot contamination
among the adjacent cells.
Because E
[
gl,kg
H
l′,k′
]
= 0, for k 6= k′, the estimation of gl,k can be processed individually. To estimate gl,k, we
have the following observations
yP,k = gl,k +
∑
i6=l
gi,k + zP,k, (6)
6where zP,k is the equivalent Gaussian noise with variance γP. From [20], we can conclude that
gˆl,k = Rl,kΛl,kQ
−1
k yP,k, l = 1, . . . , L. (7)
Qk =
L∑
i=1
Ri,kΛi,k + γPIMN . (8)
Channel estimation error is defined as g˜l,k = gl,k − gˆl,k and its covariance matrix can be expressed as
cov (g˜l,k, g˜l,k) = Rl,kΛl,k −Rl,kΛl,kQ
−1
k Rl,kΛl,k. (9)
Define hˆk , Q
− 1
2
k yP,k. It can be seen that hˆk obeys hˆk ∼ CN (0, IMN ) and is not related to l. Then, the channel
vector can be modelled as
gˆl,k = Rl,kΛl,kQ
− 1
2
k hˆk. (10)
After channel estimation, the channel vector between the kth user of cell l and all of the RRUs of cell 1 can
be expressed as a correlated fading channel with the Rayleigh fading part hˆk . The main difference between the
realistic channel model and the equivalent channel model is that the Rayleigh fading part of gˆl,k is not related to
l while that of gl,k is statistically independent for any l.
By defining the following channel matrix Gˆl =
[
gˆl,1 · · · gˆl,K
]
, the relationship between the estimated
channel matrix Gˆl and the transmit and receive signal can be expressed as
y1 = Gˆ1x1 +
L∑
l=2
Gˆlxl +
L∑
l=1
G˜lxl + z1, (11)
Using the minimum mean square error (MMSE) receiver, the sum-rate can be written as [21]
C = log2 det
(
L∑
l=1
GˆlGˆ
H
l +Σ
)
− log2 det
(
L∑
l=2
GˆlGˆ
H
l +Σ
)
, (12)
where
Σ =
L∑
l=1
K∑
k=1
(
Rl,kΛl,k −Rl,kΛl,kQ
−1
k Rl,kΛl,k
)
+ γULIMN , (13)
and γUL is the Gaussian noise variance in the uplink channel. As mentioned above, the equivalent model of multi-
cell multi-user LSAS was given with imperfect CSI. Obviously, the above formulas are similar to that of MIMO
channel capacity with multi-cell interference. However, it is more challenging to thoeretically analyze the capacity
in LSAS, owing to the correlation of Gˆl. It has been proved in [21] that as MN →∞, the sum-rate satisfies
C − Cinf → 0. (14)
where
Cinf =
K∑
k=1
log2
[
1 + ξ1,1,k − ξ
T
1,2:L,k(Ξ
′
k + IL−1)
−1
ξ2:L,1,k
]
, (15)
ξi,l,k
∆
= Tr
(
Q−1k Λi,kRi,kΣ
−1Rl,kΛl,k
)
, (16)
Ξ
′ =


ξ2,2,k · · · ξ2,L,k
.
.
.
.
.
.
.
.
.
ξL,2,k · · · ξL,L,k

 , (17)
7ξ1,2:L,k =
[
ξ1,2,k · · · ξ1,L,k
]T
, (18)
ξ2:L,1,k =
[
ξ2,1,k · · · ξL,1,k
]T
. (19)
The above equations are general expressions for the capacity of multi-cell multi-user DAS, which covers those of
massive MIMO. It is easy to verify that the expression of the sum-rate in [20] is a special case of (15). In particular,
when Rl,k = IM for all l and k, N = 1, and M →∞, Cinf satisfies
Cinf =
K∑
k=1
log2

1 + λ
2
1,1,k
L∑
l=2
λ2l,1,k +
ε+γUL
M
(
L∑
l=1
λl,1,k + γP
)

, (20)
where
ε =
K∑
k=1
L∑
l=1
λl,1,k −
K∑
k=1
(
L∑
l=1
λ2l,1,k
)(
L∑
l=1
λl,1,k + γP
)−1
. (21)
It can be seen that when M →∞,
Cinf =
K∑
k=1
log2

1 +
λ21,1,k
L∑
l=2
λ2l,1,k

, (22)
which is the same as the sum-rate with the maximal ratio combining (MRC) receiver [5].
The above theoretical results show that the capacity increases with the number of users, when the number of
antennas at the BS is larger than the number of users. However, if orthogonal pilots are used in the uplink, pilot
overhead increases linearly with the number of users, and then there exists a largest number of users served by
the system. It can also be seen that LSAS is interference-limited and its performance is limited by the users using
the same pilot sequence in other cells. The downlink capacity of large-scale DAS was studied with maximun ratio
transmission (MRT) precoder according to the above model with pilot contamination in [22]. The results in [21],
[22] demonstrated that under the same condition, the uplink capacity of large-scale distributed MIMO systems has
100% improvement than that of massive MIMO systems with MMSE receiver, while the improvement is 50% with
MRT in the downlink.
B. System-level spectral efficiency
System-level spectral efficiency is a key parameter indicator of cellular mobile communication systems in industry,
and is usually obtained by complex and time-consuming system simulation. In recent years, in order to demonstrate
the impact of the system parameters, some researchers have studied the theoretical analysis of the system-level
spectral efficiency.
There are two kinds of methods to study system-level spectral efficiency. The first one is using the stochastic
geometry. As a representative paper, [23] derived the system-level spectral efficiency of multi-cell cellular systems.
The main idea was that the spectral efficiency is obtained by Shannon formula according to signal to interference
8plus noise ratio (SINR), and then assuming that the BS locations are modeled as Poisson point process, the system-
level spectral efficiency can be given by an elegant closed-form expression. The stochastic geometry model attracts
more and more attention. For example, it has been applied to spectral efficiency analysis of cooperative BS systems
[24], capacity analysis of heterogeneous network [25], capacity analysis of DAS [26], and capacity analysis of
massive MIMO systems [27]. However, in cooperative BSs or DAS, the closed expressions obtained by using
Poisson point process is too complex to give an explicit relationship between system-level spectral efficiency and
system parameters. Furthermore, when imperfect CSI (especially pilot contamination) is considered, due to the
complicated expression of SINR, the analysis of system-level spectral efficiency has not been seen.
Another method is based on the model which has been widely used in the system-level simulation. The theoretical
analysis has two steps: first, the locations of the users in the system are fixed, and the ergodic spectral efficiency is
obtained by averaging the spectral efficiency over the small-scale fading. Obviously, the ergodic spectral efficiency is
a function of the users’ location. After that, assuming that the BS locations are fixed and all the users are uniformly
distributed in every cell, we obtain the average of the ergodic spectral efficiency. The closed expressions for both
distributed and centralized antenna systems were firstly derived in [28]. In [29], the average spectral efficiency
of DAS was further obtained with all RRUs on a circle. According to asymptotic upper and lower bounds of
system-level spectral efficiency for non-cooperative multi-cell multi-user cellular systems, the relationship between
system-level spectral efficiency and system parameters was derived (including bandwidth, the number of users
and RRUs) in [30]. In [31], an approximate closed-form expression of average spectral efficiency for multi-cell
multi-user massive MIMO systems was given when pilot reuse was considered.
C. Topics for Future Research
When pilot contamination is considered, spectral efficiency analysis should be further studied for large-scale DAS
with zero forcing (ZF) or regularized ZF (RZF) precoding. Recently, the impact of non-ideal hardware on system
capacity attracts attention [32] [33]. Moreover, it was found that non-reciprocity between uplink and downlink has
a substantial impact on spectral efficiency for time division duplex (TDD) systems. Finally, considering imperfect
CSI, asymptotic analysis of system-level spectral efficiency is also a challenging research direction.
III. CSI ACQUISITION IN LSAS
In LSAS, with an increasing number of BS antennas and spatial-division users, CSI acquisition becomes a
bottleneck in system implementation. When orthogonal pilots are employed, pilot overhead increases linearly with
the total number of antennas of the users or the total number of antennas at BS for uplink or downlink, respectively.
To achieve the capacity of broadcast channel, CSI of downlink should be known at BS. However, since the number
of BS antennas may be much larger than the total number of users’ antennas, downlink CSI acquisition becomes an
obstacle for LSAS. For TDD systems, during the coherence time, due to the reciprocity of the uplink and downlink
channels, the estimation of uplink channels at BS can be utilized to design downlink precoding. That means the
9overhead of both downlink pilots and the CSI feedback can be avoided for TDD systems. While for frequency
division duplex (FDD) systems, the lack of the reciprocity becomes a main challenge.
CSI acquisition in LSAS is experiencing facing the following problems. First, the pilot overhead still linearly
increases with the total number of users’ antennas, even for TDD systems. How to reduce the pilot overhead or
utilize pilot resource efficiently should be studied. Second, under the limited pilot resource, how to improve the
accuracy of channel estimation is also important. Finally, although for TDD system, the uplink/downlink wireless
channels are reciprocal, the overall channels are nonreciprocal due to the mismatch of transceiver radio frequency
(RF) circuits. In the following, we will give the detailed investigation on the pilot design, channel estimation
methods, and reciprocity calibration for LSAS.
A. Pilot design
Since CSI plays an important role in both transmitter and receiver, reference signal design has always been the
key technology for mobile communication systems. According to the functions of reference signals, they can be
divided into CSI reference signal (CSI-RS) and demodulation reference signal (DM-RS). CSI-RS is usually sent
omnidirectionally, which can be used to obtain the channel quality indicator, or the statistical channel information,
etc.. CSI-RS is usually sparse in time and frequency domain. DM-RS are mainly served as data demodulation. To
reduce the overhead, precoded pilots are usually adopted for DM-RS.
Pilot design is usually divided into two kinds: orthogonal design and non-orthogonal design. Orthogonal pilot
sequences has been widely used in wireless communication systems. The idea of orthogonal design includes time
division multiplexing, frequency division multiplexing, code division multiplexing and their combinations. These
techniques have been applied in 3GPP LTE standard. The advantage of orthogonal design is that it can achieve
optimal performance with least square channel estimation. However, the disadvantage is that the overhead is large
for LSAS, especially for multi-cell multi-user LSAS. Hence, there is an urgent request to reduce the pilot overhead.
Nonorthogonal pilot sequences are often adopted to reduce the pilot overhead. For LSAS, two solutions have been
proposed. One uses the idea of superposition of pilot symbols and data symbols, and another solution is pilot
reuse. The former will introduce extra interference between pilot and data, and the later will suffer from pilot
contamination.
In [34], a multi-cell time-shifted pilot scheme was presented, and the interference between pilots and data can be
suppressed by interference cancellation. [34] showed that with this method, pilot contamination can be mitigated
when the number of BS antennas approaches infinity. However, when the number of spatial-division users is large,
for time-shifted pilot systems, to achieve the same performance as the synchronized pilot systems, there is need for
more antennas in the BS. In [35], the semi-orthogonal pilot design was proposed to allow simultaneous data and
pilot transmission by using the successive interference cancellation. Simulation and theoretical analysis showed that
the method can greatly reduce the pilot overhead and then improve the spectral efficiency. The idea behind both
[34] and [35] is the superposition of pilot and data.
Pilot reuse [5] has been studied since massive MIMO was firstly proposed. In [36], with long-term channel
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information, such as large-scale fading, three low-complexity pilot scheduling approaches were further proposed to
maximize the achievable sum rate, including the greedy algorithm, the tabu search (TS) algorithm and the greedy
TS algorithm. The research on massive MIMO channel model showed that there are sparse characteristics in the
spatial domain and time domain when both the number of antennas and the bandwidth greatly increase. Pilot
assignment using the sparsity of the massive MIMO channels can mitigate pilot contamination effectively. In [37],
it has been proved that the mean square error of channel estimation can be minimized, provided that the angle of
arrival intervals of users are non-overlapping. Therefore, pilot reuse in spatial correlated massive MIMO channels
is feasible when channels are sparse in the angle domain. Moreover, the second-order statistics of channels can
be exploited to improve the performance of pilot assignment [36]–[38], and therefore, pilot contamination can be
mitigated. In the time domain, the sparsity of the wideband MIMO channels can also be used to suppress pilot
contamination [39] [40].
For large-scale DAS, the distributed MIMO channels are sparse in the power domain [14]. We can also use this
property of distributed MIMO to do pilot assignment. With the users’ locations, an inter-user interference (IUI)
matrix can be constructed to quantify the inter-user pilot interference. From this point of view, pilot reuse and
frequency allocation are similar. Some methods used in frequency allocation, such as fractional frequency reuse or
the advanced graph coloring algorithm, can be employed to reduce the pilot contamination in distributed MIMO
systems [41] [42].
For CSI acquisition in massive MIMO systems, there are more challenges in FDD than in TDD. Assuming that
the BS and the users share a common set of training signals, open-loop and closed-loop training frameworks were
proposed in [43]. In open-loop training, the BS transmits training signals in a round-robin manner, so that the receiver
can estimate the current channel using spatial or temporal correlations as well as previous channel estimations. In
closed-loop mode, the user feeds back the sequence number of the best training signal which is selected from the
previously received training signals. Then, with the index feedback from the users, the BS determines the training
signal to be sent out.
B. Channel estimation methods
Exploiting the sparsity of massive MIMO channel is an efficient way to improve the performance of channel
estimation. Based on a physically motivated channel model, a critical relationship for massive MIMO orthogonal
frequency division multiplexing (OFDM) has been revealed between the space-frequency domain channel covariance
matrix (SFCCM) and the channel power angle-delay spectrum [45]. When the number of antennas at BS is
sufficiently large, the SFCCM can be well approximated by [45]
Rk ≈
(
FNc×Ng ⊗ VM
)
diag [vec (Ωk)]
(
FNc×Ng ⊗ VM
)H
, (23)
where Nc is the number of subcarriers, Ng is the length of the guard interval, FNc×Ng denotes the matrix composed
of the first Ng columns of Nc dimensional unitary discrete Fourier transform (DFT) matrix, VM is a matrix
containing the spatial information, and Ωk is referred to the angle-delay domain channel power matrix, which
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describes the sparsity of wireless channels in the angle-delay domain. Therefore, the eigenvectors of the SFCCMs
for different users tend to be the same in the asymptotically large array regime, which shows that massive MIMO-
OFDM channels can be asymptotically decorrelated by the fixed space-frequency domain statistical eigendirections,
while the eigenvalues depend on the corresponding channel power angle-delay spectrum. Furthermore, with a
presented equivalent channel model, the sum of mean square error of channel estimation can be minimized if the
channel power distributions of different users in the angle-delay domain can be made non-overlapping by proper
pilot phase shift scheduling.
Since channels in wideband massive MIMO have sparsity in both the angular [49] and delay domain [39], a
parametric channel model can be utilized to represent this type of channels. Then, subspace channel estimation
methods [46], [50] can be applied to parameterized channel estimation. In [51] , more accurate channel estimates
could be obtained through direction of arrival and direction of departure estimation of resolvable paths.
Compress sensing, as another effective way to estimate sparse channels, can achieve more accurate channel
estimation with lower pilot overhead. In [47], with the inherent sparsity of wireless channels, the channel estimation
was modeled as a joint sparse recovery problem, which can be solved by an improved algorithm named block
optimized orthogonal matching pursuit. In [53], a distributed Bayesian method, which is based on the support
agnostic Bayesian matching pursuit algorithm [52], has been developed to improve channel estimates in massive
MIMO. This approach essentially exploits the channel sparsity and common support properties to estimate sparse
channels with a small number of pilots.
The problem of pilot contamination is very similar to the channel estimation problem in code division multiple
access (CDMA) systems. Blind channel estimation which has been extensively studied in CDMA system by many
researchers was reconsidered to solve the problem of the pilot overhead for LSAS. In TDD systems, with spatial
asymptotic orthogonality of channels in massive MIMO systems, Ngo et al. proposed a blind channel estimation
algorithm based on eigenvalue decomposition [54]. Using only a few uplink pilots, it can remove the ambiguity of the
blind channel estimation. Based on subspace projection, a blind channel estimation method without pilot symbols
was presented to further overcome pilot contamination [55]. However, the computational complexity becomes a
major obstacle for the practical implementation.
In addition, data-aided channel estimation is also a traditional method to improve the performance of channel
estimation. The performance can be further enhanced by using iterative receiver with joint data detection and channel
estimation [56]. Nevertheless, due to the non-orthogonality of the data symbols, the performance improvement can
be obtained only when the data length is long enough. Correspondingly, in return, its computational complexity
increases significantly with the number of users and the data length.
By exploiting the sparsity in the time domain, a joint design of channel estimation and pilot assignment was
proposed to mitigate pilot contamination as well as improve the performance in [39]. The main idea behind this
method is that with the orthogonal property of different users in the time-delay domain, pilot contamination is
randomized by pilot assignment in the different time slots. Then, the power delay profile (PDP) is estimated
via multipath time-delay estimation and multipath component extraction. In the ideal case, the estimated PDP
12
approximates to that without pilot contamination. Finally, pilot contamination can be eliminated by the estimated
PDP.
In an FDD system, feedback is a typical way to improve the accuracy of channel estimation. In [57], a distributed
compressive CSI estimation scheme was proposed, where the compressed measurements were observed at the users
locally, while the CSI recovery was performed at the BS jointly. Considering the spatial sparsity and slow-varying
characteristics, a distributed sparsity adaptive matching pursuit algorithm was proposed in [58]. By exploiting the
spatially common sparsity of massive MIMO channels during multiple time blocks, a closed-loop channel tracking
scheme was also proposed to track the channels [58].
In large-scale distributed MIMO, both the small-scale fading coefficients (SSFCs) and the large-scale fading
coefficients (LSFCs) play important roles. Usually, the estimation of LSFCs has been largely neglected, assuming
somehow perfectly known prior to SSFCs estimation. In [59], a channel estimation algorithm was proposed to
obtained the LSFCs by taking advantage of the spatial samples and the channel hardening effect.
C. Reciprocity calibration for TDD systems
In the practical wireless communication systems, the baseband channel matrix is composed of the wireless
propagation channel and the coefficients of transceiver RF circuits. For TDD systems, although the wireless
propagation channels are reciprocal, the RF circuits usually include antennas, mixers, filters, analog to digital
converters, power amplifiers, etc. which are usually not symmetric for transmitter and receiver. This non-symmetric
of the transceiver RF (also called as RF mismatches) makes the whole channel matrix non-reciprocal.
Considering the RF mismatches, the uplink and downlink channels are modeled by
GUL = CBS,rH
TCUE,t, (24)
GDL = CUE,rHCBS,t, (25)
where H represents the wireless channel matrix, CBS,t and CBS,r denote the transmit and receive RF matrices
of the BS, respectively, and CUE,t and CUE,r denote the transmit and receive RF matrices of the user equipment
(UE), respectively. All of these RF matrices are modeled as a diagonal matrix. Each diagonal can be modeled as
a random variable with log-normal distributed amplitude and uniform distributed phase.
Using the transpose of the uplink channel as the downlink channel, the ZF precoding matrix is written as
W = G∗UL
(
GTULG
∗
UL
)−1
. (26)
It can be seen that GDLW is not a diagonal matrix and there exists IUI. If we use the following precoding matrix
W = C−1BS,tCBS,rG
∗
UL
(
GTULG
∗
UL
)−1
, (27)
GDLW becomes a diagonal matrix which means the IUI is avoided. Therefore, C−1BS,tCBS,r is called as the
calibration matrix.
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Fig. 3. Normalized sum-rates loss versus the phase range of RF
mismatches. The transmit SNR is set to be 10dB.
Fig. 4. Normalized sum-rates loss versus the amplitude variance of
RF mismatches. The transmit SNR is set to be 10dB.
The impact of the RF mismatches on the massive MIMO systems was analyzed in [60]–[62]. Considering the
RF mismatches, the lower bound of the ergodic sum-rate for multi-user massive MIMO can be given by [62]
E
(
Rmis
)
≥ RperfectLB −∆R
mis
BS −∆R
mis
UE
where
RperfectLB = K ·
[
log (ρ) + log
(
M −K
K
)]
∆RmisBS = K ·
{
log (ρ) + log
(
λ1
λ2
)
+ log
[
MK
(M −K) (K − 1)
]}
λ1 = sinc
2 (θBS,r) · sinc
2 (θBS,t)
λ2 = e
2δ2BS,t + e2δ
2
BS,r − 2eδ
2
BS,t/2+δ
2
BS,r/2 · sinc (θBS,r) · sinc (θBS,t)
∆RmisUE = K
(
log e · 2δ2UE,t
)
,
ρ denotes the signal-to-noise ratio (SNR), δ2 denotes the variance of the amplitude mismatch, and θ denotes the
range of the phase mismatch for corresponding transceiver (the subscripts ’t’ and ’r’ denote transmitter and receiver,
respectively).
From Figure 3 it can be seen that the RF phase mismatch of BS will introduce more than 40% performance
degradation for θBS,t = θBS,r = pi/3. However, the phase mismatch of UE does not degrade the system throughput.
The simulation results are consistent with the theoretical analysis. From Figure 4 it can be seen that for the BS, the
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amplitude mismatch also introduces severe performance degradation. For example, the performance loss is about
28% for δ2BS,t = δ2BS,r = 3 dB. While for the UE, the performance decreases slightly if the variance of the amplitude
mismatch is small.
Therefore, it is very important to perform the reciprocity calibration for the implementation of massive MIMO
systems and large-scale distributed MIMO systems, especially for the BS. There are two types of calibration methods,
one is called hardware calibration method, and another is named signal-space calibration method.
The idea of the hardware calibration method is to use the couplers and multiple switches to connect the transmit
circuits of each antenna with the receive circuits of the rest of the antennas [63]. Then, the self-transmitted calibration
signals are used to perform the RF chains measurement. The hardware calibration method is preferred for massive
MIMO systems due to the advantages of fastness and simplicity. However, this method requires a huge hardware
cost, which is a heavy overhead for massive MIMO systems. Besides, this method may not be used for large-
scale distributed MIMO systems, since the antennas of different RRUs are geographically separated. To avoid extra
hardware circuits, the signal-space calibration method was proposed, where the calibration coefficients are calculated
by the calibration signals. Then, this method is also named over-the-air (OTA) calibration method.
OTA calibration can be classified as partial calibration and full calibration. The partial calibration was proposed
to just calibrate the RF mismatches at the BS, for example the calibration matrix in (27). While, the full calibration
compensates for the RF mismatches at both the BS and the UEs. For full calibration method, we need to exchange
the calibration signals between BS and UEs. Then, the BS computes the calibration coefficients according to the
received uplink calibration signals and the downlink calibration signals feedback from the UEs. In [64], total least
squares (TLS) based calibration method was proposed to achieve the optimal performance. But, in practice, the
UEs are desired to be excluded from the calibration procedure, and the feedback will become very heavy with the
increment of the antennas in massive MIMO systems.
Actually, we only need to perform calibration at the BS, since the RF mismatches of the UEs have a negligible
impact on the system performance [60]. In [65], Argos method was proposed to perform calibration for an
experimental massive MIMO system. It relies on the sequential transmission and reception of pilots between the
reference antenna and the rest of the antennas. For distributed MIMO systems, the calibration coefficients are
obtained by exchanging calibration signals between the reference RRU and the other RRUs [66]. Nevertheless, the
system performance will degrade significantly, when the SNR between the reference antenna and the other antennas
is very small [65] [66]. Thus, to improve the calibration performance, LS calibration was presented in [67]. Not only
relying on the reference antenna, the LS method utilizes the received calibration signals of all antennas to obtain
the better performance. Theoretically, in [68] the LS method has been proved to be equivalent to the TLS method,
since the LS method can be regarded as the extension of the TLS method [64] to the case of self-calibration. To
avoid the eigenvalue decomposition required by the LS method, an iterative coordinate decent method was proposed
to achieve the performance of the LS method yet with low computation complexity [68].
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D. Topics for Future Research
At present, CSI acquisition is regarded as the key technology to implement LSAS whether in academia or industry.
Exploiting the channel characteristic is often the preferable way to improve the performance of channel estimation.
The parametric modeling and the sparse nature of LSAS are beneficial for channel parameters estimation and the
pilot overhead reduction. For large-scale distributed MIMO systems, frequency and time synchronization among
RRUs are basic prerequisites for achieving the joint processing gain. In addition, calibration methods should be
further studied. Although some calibration methods, such as TLS and LS, could achieve good performance in TDD
systems, the computational complexity is still very high. For FDD systems, it is always a hot topic to reduce
the feedback overhead for MU-MIMO systems. The reciprocity of statistical CSI (e.g., the correlation matrix of
antennas) in FDD systems has been looked as an efficient way to reduce the feedback overhead. However, the
necessity of calibration for the statistical CSI should be validated by experimental systems.
IV. TRANSMISSION METHODS OF MULTI-USER LSAS
As known, for uplink multi-user MIMO systems, the capacity-approaching receiver is maximum a posteriori
detection. For downlink transmission, the capacity can be achieved by dirty-paper coding with the downlink channel
information. However, with the increasing number of antennas and users, it is difficult to implement optimal
transmission. The theoretical results of [5] and [21] demonstrated that for both massive MIMO and large-scale
distributed MIMO systems, when the number of antennas tends to infinity, the channel capacity can be approached
by low-complexity MRT in the downlink and MRC in the uplink. Furthermore, the results also showed that the
channel capacity can be achieved by RZF precoding or linnear MMSE detection with not-so-large number of
antennas [19]. That is, for LSAS, the capacity-approaching transceiver is more practical.
Nevertheless, due to the capabilities of the current technologies, the scale of antennas can not be very large. When
RZF precoding or linnear MMSE detection is employed, the computational complexity of the matrix inversion is
still very large for a large number of users. Currently, there are two approaches to overcome the obstacle. One is
to find a low-complexity matrix inversion method. Another way is to reduce the complexity of the transceiver by
making use of the sparsity or the statistical property of the channel. In fact, due to the duality of the uplink and
downlink, the mechanisms of both uplink and downlink transmission methods are very similar. For instance, in
[71] and [72], a polynomial expansion based precoding and a polynomial expansion based iterative receiver were
proposed for massive MIMO to simplify matrix inversion, respectively. In order to exploit the sparsity of LSAS,
belief propagation (BP) was extended to downlink precoding [73] and iterative detection [14].
In the rest of this section, we will firstly introduce the space division multiple access (SDMA) transmission meth-
ods, and then present a joint transmission method for large-scale DAS. Finally, we focus on capacity-approaching
receiver for LSAS.
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A. SDMA based on statistical CSI
For the multi-user downlink transmission, in order to achieve the capacity of multi-user broadcast channel, it is
usually assumed that downlink CSI is known at the transmitter. Therefore, under this condition, efficient information
transmission relies on the design of multi-user signals at the transmitter. However, different from tranditional MU-
MIMO, there are two main difficulties to be solved when we design the downlink transmitter of multi-user massive
MIMO. As we have discussed, first one is the complexity of CSI acquisition, and second on is the complexity of
the spatial division for large-scale users. In order to solve both of the problems, multi-user transmission methods
with statistical CSI have been proposed, including beam division multiple access (BDMA) [74] and joint spatial
division and multiplexing (JSDM) [75].
The main idea of JSDM is a two-stage precoding scheme by using statistical CSI. First of all, the users in service
are divided into groups, and each group of users have similar transmit correlation matrix. Then, the first-stage
precoding is applied to each group of users semi-statically. Subsequently, the second-stage precoding is applied to
the equivalent channel with the reduced dimension. It can be seen that the performance of the systems is largely
dependent on user grouping.
For wideband massive MIMO systems, a beam domain channel model was proposed for theoretical analysis [74].
Based on the channel model, an upper bound of achievable ergodic sum-rate was derived. [74] showed that SDMA
in the beam domain is optimal to maximize the upper bound of the ergodic sum-rate. That means by selecting users
within non-overlapping beams, the MU-MIMO channels can be equivalently decomposed into multiple single-user
MIMO channels. Then, a BDMA transmission scheme was proposed where multiple users are served simultaneously
via different beams. With BDMA, both the complexity of transceiver and the overhead of channel estimation can
be reduced significantly.
B. Downlink transmission in large-scale DAS
In large-scale DAS, the sparsity in the power domain can be utilized to reduce the complexity of RZF precoding.
In [73], RZF beamforming (RZFBF) was realized in a distributed manner by using BP, so that it can avoid
large dimensional matrix inversion. Using Bayesian inference and Gaussian approximation, BP-RZFBF was further
developed. By exploiting the channel hardening property in large-scale MIMO systems, the AMP-RZFBF based on
spatial channel covariance information (CCoI), called CCoI-aided AMP-RZFBF, was also proposed, which results
in much simpler implementations in terms of computation.
In TDD large-scale distributed MIMO-OFDM systems, a low-complexity transmission method was presented by
a joint design of uplink and downlink. The idea is shown in Figure 5. Firstly, we obtain the wideband statistical
CSI matrix by uplink channel estimation. After TDD calibration and sparsification, we compute the precoding
matrix by using the large-scale sparse matrix inversion. Then, we obtain the IUI suppression matrix. Finally, we
perform uplink precoding and downlink precoding (called short-term single-user precoding) for every served user,
according to the equivalent channel with the reduced dimension, i.e., the composite channel consisting of each
user’s practical channel and the interference suppression matrix. During the uplink transmission, each user sends its
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Fig. 5. Transmitter and Receiver Design for Large-scale distributed MIMO.
precoded signals, and at the BS, the received signals are passed to the interference suppression matrix, and then to
the single-user detection. For the downlink, single-user precoding is performed for each user before IUI suppression
precoding. Notice that the method could reduce the system complexity greatly, since we only compute the inverse
of large dimensional statistical CSI matrix by using its sparsity.
C. Low-complexity receivers
The capacity-approaching receiver technology has always attracted much attention in multi-antenna systems. For
MIMO receiver, the trade-off between computational complexity and performance is also a hot-topic. In particular,
since LSAS is interference-limited, it is a quite challenging task to design a receiver which achieves its capacity
under the interference channels.
For LSASs, the following difficulties are encountered in the design of a receiver, which covers imperfect CSI,
inter-cell interference and high-complexity of the multi-user detection. In [77] a joint channel estimation and data
detection algorithm with message passing was proposed by exploiting the channel hardening effect of massive
MIMO. To overcome the complexity of the detection, recently, some researchers have studied large dimensional
MIMO detection include simplified matrix inversion [72] [76] and sparsity-based detection [14] [78].
In [72], a turbo receiver has been proposed for massive MIMO. The iterative receiver consists of channel
estimation, interference estimation, low-complexity soft-input soft-output (SISO) detection and decoding . Firstly, the
channel parameters and preliminary statistical interference characteristics are estimated, and then linear prefiltering
is peformed. Next, a low complexity SISO detector based on singular value decomposition is applied to the
reduced-dimension channel matrix. To further reduce the detection complexity, a SISO detector based on polynomial
expansion is presented to avoid matrix inversion. The results showed that due to the effect of large-scale antennas,
the performance of the proposed turbo receiver is very close to the theoretical channel capacity performance.
D. Topics for Future Research
There are still many challenges on the wireless transmission of LSAS. Firstly, for high mobile speed users, it
remains unknown that whether statistical CSI can be used to reduce the complexity of the implementation. The
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results in [79] indicated that large-scale MIMO has the ability to enhance the transmission rate of the high-speed
users. However, the effectiveness of statistical beamforming and channel estimation of LSAS for high-mobility users
should be further studied. Secondly, the wireless transmission methods of LSAS should be further studied under
imperfect CSI, including channel estimation error and hardware impairment, such as I/Q imbalance [80], reciprocity
mismatch [81], a low-resolution analog-to-digital converter [82] [83], etc.. Finally, the receiver of the BS has been
paid a lots of attention. However, for downlink transmission, with BDMA or other SDMA using statistical CSI,
due to the residual interference, the user equipment is usually confronted with the interference channel. How to
improve the performance of the receiver of the UE is also a challenge.
V. RESOURCE ALLOCATION IN LSAS
In LSAS, in order to further improve the efficiency of radio resource in the network, it is necessary to jointly
optimize the allocation of space-time resources, power resources and user groups, etc., which brings new challenges
to radio resource management. Hence, a low-complexity and high-performance resource allocation strategy is
essential for the implementation of LSAS. Many researchers have devoted to the time-frequency resource allocation
for MIMO-OFDM systems [84]–[86]. Nevertheless, this paper mainly focuses on the spatial resource allocation
strategies and the RRUs grouping strategies in LSAS. In the following, we will discuss the spatial resource allocation
strategies for massive MIMO and large-scale distributed MIMO, respectively.
The SDMA with statistical CSI can reduce the implementation complexity in massive MIMO systems. However,
its performance is largely dependent on user grouping. A greedy algorithm based on statistical CSI has been
applied to do user grouping by maximizing the sum capacity [74]. As mentioned above, those users who have
similar eigenvectors of their channel covariance matrices should first be assigned into a same cluster for JSDM.
Thus, the performance of the grouping method depends on IUI. An K-Means clustering method using the chordal
distance as its grouping metric was proposed in [87]. In [88], an improved grouping method using the weighted
likelihood similarity measure and subspace projection based similarity measure has been proposed to provide a
better system throughput.
In large-scale distributed MIMO systems, the clustering of RRUs and users is regarded as the key technology to
reduce the system complexity. The clustering algorithms can roughly be classified into three kinds: the first one is
the user-centric clustering, the second one is the dynamic clustering and the last one is the quasi-static interlaced
clustering.
The user-centric wireless communication was first proposed in the development of 4G [89], and it is still a hot
topic for 5G mobile communication at present. A large-scale DAS where each user chooses a few surrounding
RRUs as its virtual cell was analyzed and the optimal size of the virtual cell was given in [90]. Under the capacity
constraint of the inter-RRU backhaul, a method combining the user-centric dynamic clustering, the user scheduling
and beamforming was proposed by maximizing the weighted sum rate with the generalized weighted mean square
error [91].
Statistical CSI can also be used in the dynamic clustering [92]. In [93], using the sparsity of the channels, the
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channel matrix was transformed into a bilateral block diagonal matrix, with which the dynamic clustering and the
parallel baseband processing were realized.
A quasi-static overlapping for BS clustering was presented in [94]. All the RRUs in the system are divided into
disjoint clusters, and different clustering methods lead to different cluster patterns between which there exists an
overlap. In each cluster pattern, all the users and RRUs employ the same frequency resources, while orthogonal
time-frequency resources are allocated in different patterns. Combined with a power allocation method, the clustering
method can significantly improve the throughput of the whole cell as well as its boundary.
There has always been much interest in resource allocation in wireless communication. Moreover, it is of great
value to design resource allocation and multi-user scheduling methods with lower complexity in LSAS.
VI. CONCLUSIONS
In this paper, the state-of-the-art research progress on the wireless transmission theory and technology in LSAS
have been summarized, which covers the theoretical analysis of the spectral efficiency, CSI acquisition, uplink and
downlink wireless communication, and resource allocation. Besides, this paper also presented potential research
topics. Although there have already been some experimental large-scale MIMO systems, and the 3GPP standard
organization is also promoting the evolution of relevant technology, a large number of theoretical and engineering
problems should be addressed.
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